The conventional bilateral motion estimation (BME) for motion-compensated frame rate up-conversion (MC-FRUC) can avoid the problem of overlapped areas and holes but usually results in lots of inaccurate motion vectors (MVs) since 1) the MV of an object between the previous and following frames is more likely to have no temporal symmetry with respect to the target block of the interpolated frame and 2) the repetitive patterns existing in video frame lead to the problem of mismatch due to the lack of the interpolated block. In this paper, a new BME algorithm with a low computational complexity is proposed to resolve the above problems. The proposed algorithm incorporates multi-resolution search into BME, since it can easily utilize the MV consistency between two adjacent pyramid levels and spatial neighboring MVs to correct the inaccurate MVs resulting from no temporal symmetry while guaranteeing low computational cost. Besides, the multi-resolution search uses the fast wavelet transform to construct the wavelet pyramid, which not only can guarantee low computational complexity but also can reserve the high-frequency components of image at each level while sub-sampling. The high-frequency components are used to regularize the traditional block matching criterion for reducing the probability of mismatch in BME. Experiments show that the proposed algorithm can significantly improve both the objective and subjective quality of the interpolated frame with low computational complexity, and provide the better performance than the existing BME algorithms.
Introduction
Motion-compensated frame rate up-conversion (MC-FRUC) refers to a technique that uses the motion trajectories between two adjacent original frames to interpolate a new frame so as to increase the frame rate of video sequence, and it has been widely applied to video format conversion, mitigation of motion blur in liquid crystal display (LCD), side information generation in distributed video coding (DVC), etc. [1] - [3] . The performance of MC-FRUC heavily depends on its two primary steps: motion estimation (ME) and motion compensated interpolation (MCI), especially the former. The block matching algorithm (BMA) is the core of various ME algorithms due to its intuitive architecture and low complexity [4] , but the traditional unidirectional implementation of BMA [5] always results in overlapped areas and holes when generating an interpolated frame, thereby significantly degrading the video quality. However, the bilateral ME (BME) [6] estimates an unique motion vector (MV) for each block in the interpolated frame depending on the assumption of temporal symmetry between blocks of the previous and following frames from the viewpoint of the interpolated frame, which avoids the problem of overlapped areas and holes. The conventional BME method uses the full search to find the best matching block for each block in the interpolated frame. In addition to having extremely high computational complexity, the full search cannot guarantee the MV accuracy when the MV of an object between the previous and following frames has no temporal symmetry with respect to the target block of the interpolated frame. Moreover, the repetitive patterns existing in video frame also seriously interfere with full search and result in mismatch since the interpolated blocks are not known. To improve the accuracy of conventional BME, the extended BME (EBME) [7] extra calculates MV of the block overlapping with each of two adjacent original blocks by half to find the true MV with higher probability than the conventional BME, the dual ME [8] uses the unidirectional and bidirectional matching ratios of blocks in the previous and following frames to refine the motion vector field (MVF) of interpolated frame, and the direction-select ME (DS-ME) [9] independently calculates the forward and backward MVs of the interpolated frame and then selects the more reliable one from them by using the sum of bilateral absolute differences (SBAD). Although the above-mentioned methods can obtain a more accurate MVF, their performance is improved at the expense of increased computational complexity. This motivates the development of a new BME method that can improve the accuracy of ME while having a low computational complexity. Recently, some methods have been proposed to improve the accuracy of ME from different perspectives. The predictionbased motion vector smoothing (PMVS) is proposed in [10] to refine MVF computed by forward and backward ME, and besides the partial average-based motion compensation (PAMC) and intra-predicted hole interpolation (IPHI) are used to reduce blocking artifacts of the interpolated frames. The combination of above methods can effectively improve the performance of FRUC while guaranteeing a low computational complexity. Focusing on the better quality of interpolated frames, Ref. [11] uses BME with various block size to compute multiple interpolated frames, and then introduces the image fusion algorithm to generate the final inCopyright c 2016 The Institute of Electronics, Information and Communication Engineers terpolated frame. The drawback of this method is its high computational complexity when compared with the traditional method based on the generation of a single MVF. The BME method proposed by [12] works at correcting the MV outliers in the texture region, and the better results on interpolated quality and computational complexity are obtained. The study of scan order in full search and the pipelining of MV post-processing are presented in [13] to improve the accuracy of BME. The success of above-mentioned methods mostly depends on the supplements of MV post-processing and MCI algorithms, such as PMVS, PAMC and IPHI in [10] , image fusion method in [11] , etc. Then, are there some simple and classic methods to modify the internal mechanism of BME for obtaining the more better performance? The answer will be presented below.
In this paper, a novel BME method is proposed to correct the inaccurate MVs resulting from no temporal symmetry and mismatch in conventional BME while guaranteeing a low computational complexity. The basic idea of the proposed algorithm is to incorporate multi-resolution search [14] , [15] into BME. In addition to having a low computational complexity, another advantage of multiresolution search is that the level-by-level refinement can easily utilize the MV consistency between two adjacent levels and spatial neighboring MVs to maintain the smoother MVF, and therefore the inaccurate MVs resulting from no temporal symmetry can be effectively corrected by using the reliable predictive MVs. However, the conventional multiresolution search uses mean pyramid [14] or Gaussian pyramid [15] , which raises a problem: the implementation of mean or Gaussian low-pass filtering before sub-sampling suppresses aliased distortion while causing the lack of highfrequency details in the sub-sampled image, which is more likely to result in the emergence of mismatch. Inspired by the wavelet transform based ME (WaME) algorithm [16] , the wavelet coefficients in the high-frequency sub-band can help to enhance the accuracy of ME since they reveal the horizontal, vertical and diagonal edge details, and besides the fast wavelet transform can also produce the image pyramid while retaining high-frequency components of each level [17] . Therefore, combining the above advantages of wavelet transform, the proposed algorithm performs the fast wavelet transform to construct the wavelet pyramid and then uses the high-frequency components of each level to modify block matching criterion. The construction of wavelet pyramid not only has a low computational complexity but also can lower the probability of mismatch due to exploiting high-frequency components of blocks to help blockmatching.
The novelty of proposed algorithm is to mix wavelet pyramid into multi-resolution search and then apply it to BME. The wavelet pyramid has two advantages: (a) it retains the high-frequency components while sub-sampling at each level; (b) its construction has a low computational complexity. The high-frequency components can be used to generate the edge image of each sub-sampled image, and the existence of edge image motivates block-matching process to mix the edge-dependent term into bilateral block matching criterion, therefore, the problem of mismatch in BME can be mitigated. In construction of wavelet pyramid, the subsampled image and its corresponding high-frequency components are both reserved by one-level wavelet transform, and then the independent extraction of high-frequency components is avoided, therefore, the construction of wavelet pyramid can ensure a low computational complexity. The merit of applying multi-resolution search into BME is that MV consistency between two adjacent levels is helpful to correct the inaccurate MVs resulting from no temporal symmetry in BME. When combining wavelet pyramid based multi-resolution search into BME, the defects of no temporal symmetry and mismatch in traditional BME can be both more easily overcome.
The rest of this paper is organized as follows. Section 2 describes the proposed algorithm in details, and Sect. 3 provides the experimental results and the comparison between the proposed algorithm and prior arts. Finally, the conclusion is made in Sect. 4.
Proposed Motion Estimation Algorithm
The flowchart of the proposed motion estimation algorithm is illustrated in Fig. 1 . A wavelet pyramid is first constructed Fig. 1 Flowchart of the proposed motion estimation algorithm. with each of the previous frame f t−1 and the following frame f t+1 . Each level of wavelet pyramid consists of two parts: sub-sampled image and its edge image, and therefore an edge-dependent term can be included in the block matching criterion to improve the accuracy of ME. After the construction of wavelet pyramids, the full-search based BMA is applied to the top-level images (i.e., the images with the lowest resolution) for obtaining the initial MVF of the interpolated frame. Due to the fact that the initial MVF from top-level ME exists lots of inaccurate MVs, the motion vector smoothing and motion vector refinement are respectively performed level-by-level to enhance the MV reliability.
Construction of Wavelet Pyramid
The proposed algorithm employs the fast wavelet transform for pyramid construction, and it has not only a low computational complexity but also can offer the edge image of each sub-sampled image. Figure 2 illustrates the construction of wavelet pyramid. The bottom-level image (i.e., the input original video frame) is decomposed into four lower resolution components which are respectively called LL sub-band, LH sub-band, HH sub-band and HL sub-band in the clockwise direction. The LL sub-band contains the low-frequency components of the bottom-level image, and it is extracted from wavelet coefficients to produce the sub-sampled image in the next level. The horizontal, vertical and diagonal directionality of the bottom-level image is clearly presented in the LH, HL and HH sub-bands, and therefore they can be combined into a single edge image by simply zeroing the LL sub-band in wavelet coefficients and then performing the inverse wavelet transform. Due to the fact that the edge image is used to do block-matching, and we cannot further convert it to the binarized image. Through repeating the above procedure from one level to another, the wavelet pyramid is finally constructed, and it has two parts: image pyramid and its corresponding edge image pyramid. The existence of edge image in each level motivates block-matching process to mix the edge-dependent term into the bilateral block matching criterion as
where the superscript (l) denotes the l-th level, B
t denotes the interpolated block containing the pixel p at the l-th level,
t+1 (·) denote respectively the previous and following sub-sampled images at the l-th level, g
t+1 (·) are their corresponding edge images at the l-th level, and α is a weighting factor. Since the matching errors at edge areas are particularly obvious to visual perception, the edge-dependent term is helpful for improving the accuracy of ME [18] . Although the abovementioned block matching algorithm is similar to that used in WaME algorithm, there is an obvious difference for the usage of high-frequency sub-bands. The WaME algorithm directly uses the high-frequency sub-bands to do blockmatching, and but the proposed algorithm firstly uses the high-frequency sub-bands to generate edge image and then applies the edge image into the block-matching process. The direct matching of high-frequency sub-bands brings into excessive weighting factors (each sub-band except LL sub-band has its own weighting factor in block matching criterion of WaME algorithm), however, it is difficult to select proper values for multiple weighting factors. In wavelet pyramid, LH, HL and HH sub-bands are combined into an edge image by one-level wavelet inverse transform, so the modified block matching criterion only requires a single weighting factor. Besides, WaME algorithm regards LH, HL and HH sub-bands as the edge features at the different directionalities of LL sub-bands (i.e., sub-sampled image), so the final MVF estimated by WaME algorithm is that of sub-sampled image but not original image, however, there is always a certain difference between them so as to impact the accuracy of ME. In wavelet pyramid, the LH, HL and HH sub-bands at l + 1 level will be merged into the edge image at l level, therefore, the image at l level can use its own edge image to produce the MVF at l level not l + 1 level.
Multi-Resolution Bilateral Motion Estimation
At top level, the full-search based BMA is first implemented to estimate the initial MVF of interpolated frame in terms of the previous and following frame, and then the motion vector smoothing and motion vector refinement are performed to correct the inaccurate MVs level by level. To maintain the same density of MVF at each level, the block size of sub-sampled images decreases by two times from l level to level l + 1, which is shown in Fig. 3 . In the process of motion vector refinement, a block B 
where u (l) denotes the MV from candidate MV set V (l) , each element of V (l) is the sum of predictive MV u (l) p and displacement d, and V (l) p and D denotes respectively predictive MV set and refinement range. Due to the fact that there is a high correlation between the MV of current block and its predictive MVs, the occurrence of inaccurate MVs resulting from no temporal symmetry can be prevented depending on this local smooth characteristics of MVF.
Although the wavelet pyramid multi-resolution search can result in a smoother MVF, the mismatch still exists, which introduces the problem that the mismatch will spread at a lower level when it occurs at a certain level. To alleviate the undesirable effect from the above problem, we add the motion vector smoothing before motion vector refinement at each level to guarantee the reliability of predictive MVs so as to prevent the spread of MV errors. The smallest matching error does not always reflect the true motion of object since the luminance of natural scene varies over time, therefore, we require other index to reflect the reliability of MV. The time interval between the two continuous frames is too short, so the amplitude of movement should not be large, and besides zero vector appears more frequently in a MVF since the motions in natural scene is usually local, therefore, the amplitude of movement can be another index to reflect the reliability of MV. However, considering the existence of global MV resulting from camera movement, the difference between the current MV and the global MV can really represent amplitude of local movement. According to the above experience, we make a reasonable assumption that the true MV has possibly the smaller matching error and difference between current MV and global MV, i.e., the reliable MV is selected as the one with the smaller amplitude of local movement when several MV candidates have the similar matching error. To conveniently use this assumption, the measure to reliability of MV is designed as
where · 2 is l 2 -norm, BK (l) is the block size at the l-th level, and u (l) is the global MV at the l-th level. The motion with the largest bin value in the motion histogram of MVF is defined as the global MV. It can be obviously seen that the value of (4) is more smaller, and the u (l) is considered to be more reliable. The proposed motion vector smoothing will use (4) to correct inaccurate MVs, and its procedure is described as follows. First of all, the u 
If D c is less than the threshold T , then u (l) c holds unchanged, and otherwise it is updated as
where β is a weighting factor measuring to reliability of MV.
Analysis of Computational Complexity
The proposed BME algorithm contains the construction of wavelet pyramid, full-search based BMA at top level, motion vector smoothing and motion vector refinement at nontop level. Suppose the size of video frame is N 1 × N 2 , the block size of bottom-level image is BK × BK, the search radius of full search at top level is R, and the total number of pyramid levels is L, the computational complexity of each part in proposed algorithm is analyzed respectively as follows.
Construction of Wavelet Pyramid. The fast discrete wavelet transform is realized by Mallat algorithm, and its filterbank implementation takes only O (N 1 N 2 ) operations, that is, the computational cost of the construction of wavelet pyramid has a linear relationship with the length of a single frame. Due to various operations existing in fast discrete wavelet transform, e.g., sub-sampling, floating-point addition and multiplication, etc., we cannot calculate the specific number of operations, and therefore O (N 1 N 2 ) is used to represent the computational complexity required for the construction of wavelet pyramid.
Full-Search Based BMA. At top level, each sub-block has (2R + 1) 2 search points, and the implementation of (1) is needed for each search points. For a sub-block of size (1) , that is, the sum of operations in (1) is 6B L − 2. The number of sub-blocks is N B = N 1 N 2 /BK 2 , and then the number of operations for the full-search BMA at top level can be calculated as
Motion Vector Smoothing. We firstly implement (5) to decide whether smoothing the current sub-blocks at nontop level l, and 4 subtractions, 3 additions and 4 multiplications are required for implementing (5) , that is, the sum of operations in (5) is 11. For a sub-block of size
, the implementation of (6) requires 18B l + 14 operations. Suppose the S sub-blocks are smoothed by using (6) , and then the motion vector smoothing requires the number of operations as
Motion Vector Refinement. At non-top level l, the MV of each sub-block will be find in the region of all predictive MVs with a search distance of ±1 pixel. Due to the fact that the repetitive MVs probably exist in the predictive MV set, we suppose that there are N c unique predictive MVs, and therefore each sub-block has 9N c search points. Each search point requires 6B l − 2 operations for a sub-block of size B l = (2 1−l · BK)(2 1−l · BK) at non-top level l, and then the number of operations for motion vector refinement at non-top lever is
In above, the total number of operations of proposed BME algorithm can be calculated by
where c · N 1 N 2 is an approximate computational cost from the construction of wavelet pyramid, and c is a small constant. It is difficult to calculate the total number of operations due to the cumbersome formulas (11) and uncertain parameters S and N c , and therefore we use big O to represent the total computational complexity of proposed BME algorithm. Because the maximums of S and N c are N B (= N 1 N 2 /BK 2 ) and 9 respectively, and it can be seen from (11) 
2 /4 L−1 is the main item to impact the total cost, that is, the computational complexity of proposed BME algorithm can be denoted by O (N 1 N 2 (2R + 1) 2 /4 L−1 ). In Sect. 3.4, we will compare the computational complexity of our method with those of the compared algorithms.
Experimental Results
The performance of the proposed algorithm has been evaluated by comparing it with those of WaME algorithm [16] , EBME algorithm [7] , Dual ME algorithm [8] , and DS-ME algorithm [9] † , and various CIF@30Hz test sequences are used, including Foreman, Carphone, News, Pairs, Football, Stefan, Tennis, Mobile, Bus, City, and Flower. To evaluate the quality of the interpolated frames from subjective and objective views, the first 50 even frames of each test sequence are removed, and then they are reconstructed from the first 51 odd frames using MC-FRUC algorithms. In addition to using the peak signal-to-noise ratio (PSNR), the objective evaluation uses also the structural similarity (SSIM) [19] which considers human visual perception.
In the proposed ME algorithm, the block size of bottom-level image is set to 16 × 16, the Daubechies 4 † The MATLAB programs of WaME, EBME and DS-ME methods are realized by ourselves, and the similar results to their originals can be obtained by our versions. The executable program of Dual ME is obtained by its original author. For readers' convenience, the proposed method and compared algorithms can be downloaded in Ran Li's Homepage at https://sites.google.com/site/draner358 wavelet transform is used for wavelet pyramid construction † , the total number of pyramid levels is set to L, the search radius at top level is set to 16/2 L (if the value is less than 1, round to 1), the weighting factor α in (1) is set to 0.3 in terms of the suggestion from [18] , the radius of refinement range D at non-top level and the threshold T in motion vector smoothing will be quantitatively determined in Sect. 3.2. For the parameter settings of other compared algorithms are presented as show in Table 1 , and we select these parameters from their originals so that they provides the best interpolation results respectively. Except that EBME uses its own corresponding MCI, the other ME algorithms use overlapped block motion compensation (OBMC) [20] , and the overlapped size is set to 8.
Exploration on Number of Pyramid Levels
The number L of pyramid levels is the most important parameter for the performance of proposed algorithm. The range of level values depends on the spatial resolution and block size of video frame, e.g., the test sequences with CIF format (352 × 288) are used in our experiments, considering the density of MVF, the block size is set to 16 × 16 for making a balance between the accuracy of ME and computational complexity, and therefore the maximum of level number is 5 (the block size of top-level image drops to the minimum 1 × 1). When the level of wavelet pyramid is higher, the details of corresponding video frame become gradually blurry as the spatial resolution decreases, and therefore the MV consistency between two adjacent levels gets worse so as to make a bad effect on the performance of level-bylevel refinement. To optimize the quality of the interpolated frame, various L values are applied to observe the interpolated quality and amount of computations, and the results is shown in Fig. 4 . In this experiment, the proposed BME algorithm is used to construct each interpolated frame for all test sequences, and then their average PSNR value and processing time are computed under different values of L. It can be observed from Fig. 4 (a) that the maximum PSNR value is obtained when L is set to 3 and the gain is up to 0.6 dB when compared with the situation that L is 1. Besides, overlarge L degrades the quality of interpolated frame, therefore L requires to be properly taken for preventing degenerative MV consistency to reduce the accuracy of ME. 4 Effects of different number of levels on the performance indicators of proposed BME algorithm. to 2 or 3, which proves that the computational complexity cannot always decrease as the level of wavelet pyramid gets more higher, a moderate number of levels can just guarantee a low computational complexity.
In above, it can be seen that the proper setup of L is a key in optimizing the interpolation results. Considering the video quality and computational complexity, the number L of pyramid levels is set to 3 in the following experiments.
Quantitative Evaluations on Threshold T and Refinement Range D
The threshold T is an important factor to determine whether the current MV is smoothed by using Eq. (6), and its setting depends on the tolerance for the Euclidean distance between it and the reliable MVs. Figure 5 presents the interpolated quality and amount of computations when various T values are applied to the process of motion vector smoothing. It can be observed from Fig. 5 (a) that the maximum PSNR value is obtained when T is set to 3, and the too large or too small T values degrade the interpolated quality, which resulting from that the inaccurate MVs cannot be smoothed when T is too small and the accurate MVs are over-smoothed when T is too large. From Fig. 5 (b) , the peak value of processing time is also appear when T is set to 3, which indicates that the moderate T value guarantees the proper number of MVs in the current MVF to be smoothed and the unnecessary computations can be effectively avoided. To optimize the interpolated results, the threshold T is set to 3 in the following experiments.
The radius of refinement range D is also an important factor to affect the interpolated quality and computational complexity. Figure 6 presents the average PSNR values and processing time of test sequences when the radius of refinement range D is set to be different values. It can be seen Fig. 6 from that the PSNR value decreases with the increase Fig. 7 Interpolated frames (top rows) and the corresponding edge maps (bottom rows) on the Foreman sequence (92-nd frame) and the Canny edge detector [17] is employed to obtain the edge maps.
of the radius of D, and the processing time is the opposite. The smoothness between levels is guaranteed by the predictive MV from the upper level, and however the too large radius enforces the ambiguity between the current MV and the predictive MV, which destroys the continuity of MVs between levels. Besides, due to the large radius of D, the number of MV candidates is also increased, which introduces the excessive computations. Therefore, in order to guarantee the better performance of proposed algorithm, the radius of refinement range is set to be 1 in the following experiments. Figure 7 compares the interpolated frames and the corresponding edge maps on the Foreman sequence. The Canny edge detector [21] is employed to visualize edges in the interpolation results and help check whether the edges of object appears obvious distortion from visual perception. Since the moving head and the deformation of lip and eyes occurs in the 92-nd frame of the Foreman sequence, it is difficult to find the true motion trajectories and obtain the high-quality interpolated results. The WaME algorithm in (b) cannot effectively track the moving head and results in the serious ghost effects, the EBME algorithm in (c) produces lots of blurring around nose and lip and loses shape edges, the Dual ME algorithm in (d) estimates many inaccurate MVs so as to result in severe blocking artifacts on the face, and the DS-ME algorithm in (e) not only cannot preserve edge details around nose and lip but also generates Table 2 Average PSNRs (dB) of test sequences for the proposed and existing ME algorithms.
Subjective Evaluation
Sequence WaME EBME Dual ME DS-ME Proposed the confused results around eyes. The proposed algorithm in (f) provides a better result than other algorithms, and it not only can accurately track the moving head but also maintain shape and clear edges on the face. Figure 8 presents the visual results on the 94-th interpolated frame of Stefan sequence. To obtain the accurate MVF of interpolated frame is not an easy task since fast camera translation leads to the disappearance of objects in the current scene and the big body twist of sportsman also produces the complex local motions. The WaME algorithm in (b) not only provides blurry background but also results in ghost effects around sportsman, the EBME algorithm in (c) weakens ghost effects around sportsman but aggravates the blurring of background, the Dual ME algorithm in (d) produces serious blocking artifacts, and the DS-ME algorithm in (e) leads to a more vague result. The proposed algorithm in (f) guarantees the clear background and preserves lots of texture details, and it maintains shape and continuous edges around sportsman.
Objective Evaluation
Objective quality of the proposed and existing ME algorithms is evaluated in terms of PSNR and SSIM. The average PSNRs of different algorithms on each sequence are presented in Table 2 . It can be observed that when compared with WaME, EBME, Dual ME and DS-ME, the proposed algorithm improves the average PSNR by up to 7.69 dB, 1.36 dB, 7.05 dB, and 2.11 dB respectively. The average PSNR of different algorithms on all sequences are also presented in the last row of Table 2 , and it can be seen that the proposed algorithm gains up to 0.51 dB at least and 3.88 dB at most. Table 3 shows that the proposed algorithm improves the average SSIM by up to 0.4193, 0.0441, 0.1474, and 0.1593 respectively when compared with WaME, EBME, Dual ME and DS-ME. For the News, Tennis and Flower sequence, the proposed algorithm is slightly inferior to EBME but has the higher PSNR value than EBME, which demonstrates that when compared with EBME, the proposed algorithm produces the smaller residual errors but achieves the similar visual perception. The average SSIM of different algorithms on all sequences are also presented in the last row of Table 3, and it can be seen that the proposed algorithm gains up to 0.0078 at least and 0.0951 at most. Figure 9 shows the PSNRs of individual interpolated frames on the Foreman, Mobile, Football and Stefan sequences. The PSNR curves also confirm that the proposed algorithm outperforms the existing algorithms in most cases. In conclusion, the proposed algorithm can effectively improve the objective quality of the interpolated frame.
To further verify the better performance of the proposed BME method, the FRUC algorithm proposed by [10] is also used to interpolate the removed 50 even frames of test sequences, and the PSNR values for each test sequences are directly taken from [10] in order to guarantee its best interpolated results. Table 4 shows the average PSNRs comparison between the proposed BME method and two scheme in Table 3 Average SSIMs of test sequences for the proposed and existing ME algorithms.
Sequence WaME EBME Dual ME DS-ME Proposed . 9 PSNRs of the interpolated frames constructed by the proposed and existing ME algorithms. [10] , it can be seen that the proposed algorithm improves the average PSNR by up to 6.92 dB (i.e., Mobile sequence) and 3.14 dB (Stefan sequence) respectively when compared with Scheme 1 and Scheme 2 in [10] . After using the traditional unidirectional ME to get the forward and backward MVFs of interpolated frame, the Scheme 1 in [10] uses PAMC and traditional hole interpolation to produce the final frame, the lack of motion vector smoothing makes its MVF contain lots of MV outliers. However, the proposed method can effectively correct MV outliers, and therefore the significant improvement of performance is obtained. Although the Scheme 2 in [10] adds the PMVS to correct MV outliers in basis of Scheme 1, the correction capability of PMVS cannot still achieve a high accuracy of MVF than our BME method. In above, it can be verified that the proposed BME method can effectively improve the quality of interpolated frame.
To understand the contribution of the pyramid strategy and the edge image generation to the interpolated quality, we presents results of the following four cases in Table 5 : a) the proposed algorithm (Case A); b) the proposed algorithm without the pyramid strategy (Case B); c) the proposed algorithm without the edge image generation; and d) the FRUC method proposed Ref. [18] which only uses the edge 
Table 6
Comparison of the computational complexities and execution time (s/frame) for EBME, DS-ME and the proposed algorithm.
Algorithm
Computational image generation. It can be seen that the best results are achieved by the proposed algorithm using both the pyramid strategy and the edge image generation, The average PSNR loss is about 0.91 dB when removing the pyramid strategy in the proposed algorithm, and the PSNR value is decreased by about 0.43 dB on average when removing the edge image generation in the proposed algorithm. Due to the lack of the effective motion vector smoothing in the method from Ref. [18] , it has a large performance gap when compared with the proposed algorithm, and the its average PSNR loss is about 3.59 dB.
Computational Complexity
The computational complexities and execution time (s/frame) of EBME, DS-ME and the proposed algorithm are presented in Table 6 . All algorithms are implemented on a PC with a 3.2 GHz CPU and 8 GB RAM, and they are written by MATLAB. It can be seen that the computational complexity of EBME is affected by its number of search points N 1 N 2 (2R + 1) 2 , and however the motion vector refinement in DS-ME introduces a new item N 1 N 2 (2R s + 1) 2 in basis of EBME. The proposed algorithm employs BMA and motion vector refinement in the wavelet pyramid, and therefore its total number of search points is scaled by 4 L−1 . The average processing time of proposed algorithm is 48.0% and 54.9% shorter than those of EBME and DS-ME respectively from the last column in Table 6 . Therefore, when compared with the traditional algorithm with full-search, our method has a low computational complexity.
Conclusions
In this paper, a novel BME method is proposed to improve the accuracy of ME with a low computational complexity by correcting the inaccurate MVs resulting from no temporal symmetry and reducing the probability of mismatch, thereby enhancing the quality of interpolated frame at MC-FRUC. To reduce the computational burden, the multiresolution search is incorporated into BME, and in addition to exploiting the MV consistency between two adjacent pyramid levels and spatial neighboring MVs, the multiresolution search based BME can also effectively correct the inaccurate MVs resulting from no temporal symmetry by using the reliable predictive MVs. To preserve the highfrequency components while guaranteeing a low computational complexity in the process of pyramid construction, the fast wavelet transform is used to construct the wavelet pyramid. The wavelet pyramid can obtain edge features of image at each pyramid level when performing the subsampling, and thus it can guarantee accurate block-matching and reduce the occurrence of mismatch by adding the edgedependent error item into the conventional block matching criterion. Experimental results show the proposed ME algorithm can significantly improve both objective and subjective quality of the interpolated frame with a low computational complexity. At present, few work have investigated color retention in interpolated frame. We will study the color detail preservation in the future, and further improve the accuracy of BME by considering color information.
